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ABSTRACT

Federated learning is a distributed machine learning method that can solve the increasingly serious problem of data
islands and user data privacy, as it allows training data to be kept locally and not shared with other users. It trains a
global model by aggregating locally-computed models of clients rather than their raw data. However, the divergence
of local models caused by data heterogeneity of different clients may lead to slow convergence of the global model.
For this problem, we focus on the client selection with federated learning, which can affect the convergence
performance of the global model with the selected local models. We propose FedChoice, a client selection method
based on loss function optimization, to select appropriate local models to improve the convergence of the global
model. It firstly sets selected probability for clients with the value of loss function, and the client with high loss will
be set higher selected probability, which can make them more likely to participate in training. Then, it introduces a
local control vector and a global control vector to predict the local gradient direction and global gradient direction,
respectively, and calculates the gradient correction vector to correct the gradient direction to reduce the cumulative
deviation of the local gradient caused by the Non-IID data. We make experiments to verify the validity of FedChoice
on CIFAR-10, CINIC-10, MNIST, EMNITS, and FEMNIST datasets, and the results show that the convergence of
FedChoice is significantly improved, compared with FedAvg, FedProx, and FedNova.
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1 Introduction

Mobile devices have become the primary electronic devices for billions of users around the world,
and we will witness the explosion of IoT devices in the coming years [1,2]. These devices generate vast
amounts of valuable data, and machine learning is a popular method for processing those data to make
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applications more intelligent [3]. Typically, the centralized machine learning method trains all data on
the server by gathering data from clients, which can expose data privacy problems [4]. However, with
the improvement of users’ awareness of data privacy and the publication of General Data Protection
Regulation (GDPR) [5] and Health Insurance Portability and Accountability Act (HIPAA) [6], it is
difficult for centralized machine learning to collect and process scattered data. Federated learning
is a framework with efficient communication and privacy protection. Since federated learning was
proposed by Google in 2016 [7], it has shown potential to promote real-world applications in many
domains, e.g., smart healthcare [8], and credit risk assessment [9].

Federated learning consists of three key phrases: (1) Client selection, the server selects random
clients and disseminates the global model parameters to the selected clients; (2) Client local training,
clients use their local data to update the shared model and upload the new model parameters to the
server; (3) Server aggregation, the server aggregates the global model by averaging the updated local
parameters. However, due to different client habits, for example, some clients may have more pictures
of cats, while others may have more pictures of dogs. In this case, the datasets on each node are not
identically and independently distributed, i.e., Non-IID. As a result, the local models trained on these
data will also have biases. This means that the local models of clients selected to learn a global model
jointly can significantly impact the quality of the global model. Since data distribution divergence
between clients may cause parameter divergence between local models, how to select clients becomes
essential for training the global model efficiently.

The uniform random selection algorithm is the most frequently used client selection strategy,
which makes each client get the same selection probability and keep the same loss expectation.
However, in the Non-IID setting, this method cannot accurately select the clients that would be most
beneficial for accelerating the training process. As a result, the convergence performance with Non-IID
data cannot be improved. The global optimization goal of federated learning is to minimize the loss
value of all clients. The loss value generated during the client training can reflect the model’s prediction
ability for the data on the client, and the higher the loss value, the poorer the model’s performance. If
these losses can be appropriately used, the convergence of the global model can be accelerated.

Driven by the above descriptions, we propose a federated learning client selection method based on
the loss function, FedChoice, to improve the convergence of the global model by selecting appropriate
local models. The key contributions are as follows:

(1) It analyzes the principles of selected local models that can affect the convergence of the global
model and find that the loss function of the local model is a main influence factor for the
convergence of the global model under the Non-IID data.

(2) It proposes a client selection strategy based on the loss function, which gives a higher selected
probability for clients with higher loss values, to speed up the convergence of the global model.

(3) It introduces a gradient correction method to correct the local gradient vector direction, which
can improve the model’s accuracy while keeping the convergence performance of our selection
method. It employs a local offset control item to predict the local gradient direction and the
global gradient direction and calculates a vector to correct the local gradient vector direction.

(4) It verifies the effectiveness of our method by comparing the precision and convergence
performance against three baseline algorithms FedAvg, FedProx, and FedNova on EMNIST,
MNIST, FEMNIST, CINIC-10 and CIFAR-10 datasets. The results show that FedChoice can
improve the convergence performance of federated learning in contrast with FedAvg by up to
18.7%.
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The rest of this paper is organized as follows. Firstly, we review some related work in Section 2;
Then, we describe the proposed problem description and algorithm FedChoice in Sections 3 and 4.
Section 5 gives the experimental setup and results of FedChoice in detail. Finally, we summarize the
work in Section 6.

2 Related Work

Non-IID data is a challenge for federated learning. There exist extensive works on improving
the performance of federated learning via data sharing [10,11], self-supervised [12–14], personalized
federated learning [15–17], etc. We review the literature related to our work by dividing them into two
categories.

2.1 Statistical Heterogeneity Optimization
Statistical heterogeneity (also known as the Non-IID problem) is a bottleneck of federated

learning [18]. McMahan et al. [7] have demonstrated that FedAvg can work with specific Non-IID
data. However, Zhao et al. [11] proved that the accuracy of FedAvg became worse under highly skewed
Non-IID data. Furthermore, Zhao et al. proposed a strategy to improve training accuracy on Non-IID
data by a uniformly distributed dataset.

Many techniques have been proposed to tackle the accuracy degradation of federated learning in
the Non-IID setting. FedProx [19] and FedDyn [20] add a proximal term to the local subproblem
to limit the impact of local variable updates. SCAFFOLD [21] prevents the model deviation by
introducing control variates. However, all these methods focus on balancing the local and global
optimization objectives by limiting the updated direction of the local model. Although they can reduce
the client drift to some extent, they can only partially eliminate this effect.

In order to improve the convergence performance of the global model, FedNova [22] eliminates
this difference by introducing regular terms to keep the local loss function consistent. Lin et al. [23]
adopted knowledge distillation technology to accelerate the convergence of the model. Tan et al. [24]
proposed a federated prototype learning framework, which communicates the abstract class prototypes
instead of the gradients between clients and servers. Zeng et al. [25] proposed a deep learning method
to predict models’ training time on heterogeneous clients. However, these methods need to upload
more communication data or require a lot of computation.

2.2 Client Selection Optimization
Client selection strategy is a flexible way to improve the performance of federated learning.

There have been some researches on the application of machine learning to client selection strategy.
Huang et al. [26] optimized the convergence performance of the model from the perspective of time.
They modeled the client selection as a Lyapunov [27] optimization problem, and proposed a client
selection method with the model exchange time estimated by an online learning algorithm, between
each client and server. Wang et al. [28] proposed an experience-driven federated learning method Favor
based on reinforcement learning [29]. These methods can alleviate the deviation introduced by Non-
IID data to some extent, but it brings heavy computing tasks to the server.

Some methods use objective indicators as criteria for client selection. Ribero et al. [30] proposed a
client selection based on gradient information, which only uploads gradient updates of clients with
larger differences from the global model. TiFL [31] accelerates the convergence of the model by
selecting clients from the same tier with similar training performance. Similar to TiFL, FedMCCS
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[32] evaluated the client’s selection value with the client’s resources, including memory, CPU resources,
electricity, etc. CSFedAvg [33] introduced the indicator of weight divergence to measure the degree of
distribution deviation of Non-IID data. In summary, the indicators proposed by these methods are
applied in simple scenarios and lack expansibility.

3 Problem Description

We formally define the problem of federated learning and analyze the effects caused by Non-IID
data on federated learning in this section. We take a classification task in sample space X and label
space Y = {1, . . . , C} as an example. The data point {x, y} follows distribution q. Let the population
cross-entropy �(w) be the loss function, and w is the parameter of the neural network. Then the
centralized learning problem is described as Eq. (1):

�(w) =
C∑

i=1

q(y = i)Ex|y=i[logfi(x, w)]. (1)

And the learning task can be expressed as Eq. (2):

min
w

�(w) = min
w

{ c∑
i=1

q(y = i)Ex|y=i[logfi(x, w)]
}

, (2)

where fi denotes the probability of the i-th class predicted by the neural network.

To determine w, SGD solves the optimization problem iteratively. Let w(c)
t denotes the weight of the

neural network after t-th update in centralized setting, where η is the learning rate and ∇w represents
the gradient update in the t-th round. Then, the centralized SGD performs the following update:

w(c)
t = w(c)

t−1 − η∇w�(w(c)
t−1). (3)

In federated learning, assuming there are N clients, and the client k has nk training data. Each
client executes the local SGD independently, and Eq. (4) describes the t-th round update on client k:

w(k)

t = w(k)

t−1 − η∇w�(w(k)

t−1). (4)

Assuming that the synchronization is conducted every T step and let w(g)

mT be the weight of the
global model after m-th synchronization, where w(k)

mT denotes the weight of the local model after m-th

synchronization, and pk = nk∑N

i ni

denotes the aggregation weight of client k. Then, we have:

w(g)

mT =
K∑

k=1

pkw(k)

mT ,
N∑

k=1

pk = 1 (pk ≥ 0). (5)

In the next synchronization, the server will send w(g)

mT to all clients participating in the training.

Limited by the communication conditions, not all clients can be selected to train the global model
in each round. A common way is to select a subset of clients, so, the selection strategy π of the subset
is very important, which directly affects the data quality of training.

The most common method of client selection in federated learning is uniform selection, that is, all
clients have the same probability of being selected qi = 1

K
, where K is the number of clients participating

in training. The canonical algorithm FedAvg selects clients with the uniform selection method, and
organizes them to do local training and model aggregation. However, different clients have different
performances, and the uniform selection algorithm cannot eliminate this difference.
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To overcome this problem, Li et al. [19] proposed another unbiased sampling scheme, which

modified the sampling probability of clients to qi = nk∑K

i=1 ni

. This sampling scheme may prioritize

clients with large data sets, but it does not take into account the distribution and quality of the data,
which can significantly impact the convergence speed of the global model.

Specifically, for the global model, the objective of the training is to minimize the loss function
of all clients (as defined in Eq. (2)). In the case of uniform random selection, clients with high losses
cannot be selected in time to participate in training and optimize their loss values, which will delay the
convergence time of the model. For the local model, loss value can reflect the quality of the model.
The higher the loss, the worse the prediction ability of the client’s model.

Therefore, this paper will select clients based on the optimization of the loss function to improve
the quality of the global model.

4 Methodology

In this section, we introduce FedChoice, which optimizes the client selection method by giving a
higher selected probability to the clients with high loss function. The flowchart of FedChoice is shown
in Fig. 1. Firstly, we construct the importance weight of clients based on loss function, and calculate
the probability of each client being selected in the next round. Then, we employ the model training
strategy based on gradient correction vector to reconstruct the local loss function, which can improve
the precision of the model under Non-IID environment. Such strategy generates a gradient correction
vector through historical training records, which can correct the skewed local gradient update to the
global gradient direction.

Figure 1: The flow chart of FedChoice

4.1 Client Selection Based on Loss Function
When the training data is highly Non-IID, the client extraction becomes unstable due to its skewed

data. The global model cannot quickly get unknown knowledge from the local training, leading to slow
convergence. Aiming at accelerating the convergence of the global model, this paper applies the client
selection strategy πloss based on the loss function to choose clients with higher loss function values to
train.

Assuming there are four clients and one server, and there are circular, square and triangular
samples, the data distribution with Non-IID is shown in Fig. 2. If we adopt the random uniform
selection strategy πrand, the global model will receive more knowledge about circular and square
samples, but less knowledge about triangular samples during training. To avoid the difficulty of the
global model convergence, we introduce πloss to give a higher selection probability to the client with a
high loss. In this way, the convergence rate will obviously increase since the server can choose more
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clients with higher loss and poor prediction ability to participate in training. Especially in the case of
Non-IID data, a high loss value may mean that the client’s training data is a minority class of the total
data. In order to speed up convergence, the server should select more clients with high loss values.

Figure 2: Client selection diagram

The πloss strategy includes the importance weight of client vk and the selection probability function.
We firstly define the importance weight vk to indicate the importance of clients to training. Clients with
higher value vk will have a greater probability of being selected by the server to participate in training.
Then, we construct a selection probability function to compute the selection probability for clients.

4.1.1 Importance Weight of Client Modeling

We define the importance weight of the client in Definition 1 to determine the selection probability
for clients.

Definition 1. Importance Weight. The importance weight of client k is defined as vk, with the loss
function, which is used to express the potential value of the client k for accelerating the convergence
of the model. Taking the cross entropy function in the classification task as an example, importance
weight of client k is described in Eq. (6):

v(t+1)

k =
{

�
(t)
k (w) = ∑c

i=1 q(y = i)Ex|y=i[logfi(x, w)], if k ∈ Ut

v(t)
k , else,

(6)

where k denotes the client k and Ut denotes the selected clients set in the t-th round.

In federated learning, it is difficult for the server to get the loss values of all clients limited by
communication and hardware resources. Therefore, for the clients that did not participate in this round
of training, we set the client value of the next round to be the same value as the previous round,
that is, v(t+1)

k = vt
k. Although this strategy carries a certain staleness, it does not affect the selection

performance, because the loss value of the client will decrease with the increasing number of training
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rounds. As the newly selected client produces a smaller loss value, its selection probability will be
reduced. This gives other clients which are not selected in this round more opportunities to be selected
for the next round, so the global model can learn more diverse knowledge.

4.1.2 Selection Probability Modeling

The high selection tendency of clients with high loss value can improve the convergence speed, but
it leads to the deviation between the optimal value of the global loss function and the ideal optimal
value. That is to say, excessive pursuit of the convergence rate brought by clients with high loss value
may result in the decreasing accuracy of the global model. It is not advisable to select all clients by
using simple strategy πloss. Thus, FedChoice will control the ratio of using strategies πrand and πloss by
hyperparameter α in the client selection stage.

Firstly, we construct a selection probability function with the importance weight of the client. Let
pk be the selection probability of client k in the training, αm clients are selected by πloss with the Eq. (7)
and added to set Uloss:

pk = eβvk , (7)

where β is an adjustable hyperparameter, vk is the importance weight. The server selects a specified
number of clients to participate in the training through weighted randomness by the selection
probability p of each client. The selection probability p of a client is calculated based on the loss value,
which is a floating-point number. This means that it is highly unlikely for two clients to have the same
probability. If two clients have the same probability, the server will randomly select one of them to
participate in training.

And then the remaining (1−α)m clients are selected by πrand strategy and added to set Urand. When
α = 0, the overall client selection strategy is the same as FedAvg, that is, the clients participating in
the training are randomly selected.

The details of the FedChoice algorithm are described in Algorithm 1.

Algorithm 1: Client selection strategy based on loss function
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4.2 Model Training with Gradient Correction
As stated in 4.1, the client selection strategy based on the loss function may reduce the precision

of the global model to a certain extent. In addition, the Non-IID data also affects the model accuracy.
To address these limitations, we introduce a model training strategy based on the gradient correction
vector. This strategy generates a gradient correction vector with historical training records, to update
the skewed local gradient to the global gradient direction and maintain the accuracy of the global
model.

Definition 2. Local Control Vector ck. Each client maintains a local control vector ck, which is built
from the historical training record of client k and used to predict the client’s future gradient vector.

ct+1
k = ct

k − ct
g + 1

K
(wt

g − wt
k), (8)

where K denotes the number of participating clients, wg and wk denote the global model parameter
and the local model parameter, respectively.

Definition 3. Global Control Vector cg. For the server, we devise a global control vector cg to
predict the global gradient vector. It is generated by averaging the local control vectors of all clients
participating in the training.

ct+1
g = ct

g + 1
N

∑
k∈K

(ct+1
k − ct

k), (9)

where N is the total number of clients.

Definition 4. Gradient Correction Vector c. The gradient correction vector c is obtained from the
local control vector ck and global control vector cg. It is used to correct gradient vector deviation caused
by local training and avoid the accumulation of local gradient vector deviation.

c = cg − ck. (10)

In the training process of federated learning, the local model is obtained by optimizing the loss
function of local data, while the global model is obtained by aggregating the local models participating
in the training. According to the traditional SGD method, the client uploads its update parameters
to the server in each step. The local deviation from each step is corrected by the global aggregation
process in time. Thus, the global optimization direction is closer to the ideal updated direction and the
global optimal can be achieved with fewer steps.

However, communication costs are relatively high in federated learning, so it is hard to aggregate
all local models. As shown in Fig. 3, FedAvg performs multiple local SGD before each model aggre-
gation. This approach can greatly reduce the communication cost, but it brings a new problem: there
exists skewed data distribution among the clients. Due to the existence of skewed data distribution, the
local skewed updates will be accumulated during the local SGD process. Even after global aggregation,
the global optimization direction will still deviate from the original optimal direction.

In federated learning, the accumulation of local update deviation is inevitable owing to the
communication problem. If the local updated direction can be directed to the global updated direction
to reduce the local deviation caused by Non-IID data, the performance of the global model will
be greatly improved. Therefore, as shown in Fig. 3, we introduce the local control vector ck and
the global control vector cg to predict their gradient direction. And a gradient correction term
c = cg − ck is generated to make the skewed local update closer to the global update directions. The
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gradient correction term c will correct the local gradient after each local training, thereby avoiding the
accumulation of local model deviation.

Figure 3: Gradient correction vector effect

4.3 Implement
Based on the above definition and analysis, FedChoice algorithm is proposed to optimize the

convergence rate and accuracy of the model in case of Non-IID data in federated learning. Combined
with the algorithm architecture shown in Fig. 4 and Algorithm 2, the specific process of FedChoice
can be described as follows:

Figure 4: Architecture diagram of FedChoice

Local model update and gradient correction. The selected clients use their local data to train the
local models. And each client needs to correct the update gradient (gi(wt

k) + c). The purpose of this
step is to predict the direction of the current gradient update through the historical gradient updates,
so as to reduce the gradient deviation caused by excessive local updates with the correction term.

Upload. The client uploads the local model parameters, loss and local control vector to the server.
The loss is used to select the client and the local control vector is used to calculate the new global
control vector.

Global model aggregation on server. The server performs an averaging process with the update
parameters to formulate an enhanced global model by Eq. (5).

Client selection on server. The server calculates the importance weight based on the loss value,
and then calculates the selection probability with the importance weight. Combined with the client
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selection strategies πrand and πloss, the server selects M clients to participate in the next round of training
and broadcasts the global model.

Algorithm 2: Client selection method FedChoice based on loss function optimization

5 Experiments

In order to evaluate the effectiveness of our method, we make experiments on five datasets:
MNIST [34], FEMNIST [35], EMNIST [36], CINIC-10 [37] and CIFAR-10 [38], and compare it
with three algorithms FedAvg, FedProx and FedNova. For MNIST, FMNIST and EMNIST datasets,
we adopt MLP architecture with two hidden layers. For CINIC-10 and CIFAR-10 datasets, we
employ CNN architecture with three convolutional layers followed by a fully connected layer. In the
experiment, 100 clients were simulated for training, and 10% of the clients were selected to take part
in each round.

5.1 Experimental Environment
All the algorithms involved in the experiments are implemented in the Python 3.7.2 with the

Pytorch framework. We use Tesla P100 GPU on Ubuntu 18.04.4 LTS system for our experiments.
The specific configurations of Linux kernel, graphics card driver and CUDA are shown in Table 1.

Table 1: Configurations

Environment Version

Operating system Ubuntu 18.04.4 LTS

(Continued)
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Table 1 (continued)

Environment Version

GPU NV Tesla P100
Linux kernel 4.15.0-123-generic
Graphics card driver 418.87.00
CUDA 10.1.243

5.2 Datasets
We employ MNIST, FMNIST, EMNIST, CINIC-10 and CIFAR-10 to assess the performance of

FedChoice. MNIST [34] is an image dataset that contains a large number of images with handwritten
digits. It has a training set of 60,000 28 × 28 grayscale examples, and a test set of 10,000 examples.
FEMNIST [35] dataset contains 62 different types of handwritten digits and letters (digits 0 to 9,
lowercase letters, and uppercase letters), it contains 28 × 28 pixels handwritten digits and letters of
3500 users. Extended MNIST (EMNIST) [36] is a newer dataset to be the successor to MNIST, which is
a large database of 62 categories handwritten uppercase and lowercase letters as well as digits. CINIC-
10 [37] is a dataset for image classification, and it has a total of 270,000 images constructed from
two different sources: ImageNet and CIFAR-10. Similar to CINIC-10, CIFAR-10 [38] is a dataset
composed of color images. It consists of 60,000 32 × 32 color images in 10 different classes, with 6000
images per class, and each image is 32 × 32 in size and has three channels (RGB).

For each dataset, we apply Non-IID settings, that the datasets are sorted by class and divided into
20 partitions and each client is randomly assigned 2 partitions from 2 classes. That is, each client has
two classes of data labels. In particular, FEMNIST is a non-independent and identically distributed
dataset, which does not need to be re-divided.

5.3 Experimental Results
5.3.1 Hyper-Parameter α Selection

In this section, we will search for the appropriate hyperparameter α on five datasets. As described
above, the hyperparameter α is the proportion of πloss strategy, which determines the proportion of πrand

and πloss strategy. The larger α is, the more clients will be selected by πloss strategy. The value of α will
affect the training accuracy, and we take the values of α as 0.8, 0.4, 0.2, empirically.

Fig. 5 and Table 2 show the varying performance under different values of α. On FEMNIST and
CINIC-10 scenario, the value of α has little effect on accuracy. But in the other three scenarios, when
α = 0.4, the accuracy of FedChoice is 86.2%, 96.1% and 88.4%, respectively, which is better than the
other two options. Based on these results, we set α = 0.4 for the remainder experiments.

Table 2: Accuracy of FedChoice under different α (%)

α FEMNIST CIFAR-10 MNIST EMNIST CINIC-10

0.2 80.8 84.2 93.0 88.2 80.4
0.4 80.6 86.2 96.1 88.4 80.5
0.8 80.9 85.2 94.4 87.4 79.5
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Figure 5: The experiment of hyperparameter α
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5.3.2 Accuracy

To investigate the accuracy of FedChoice, we evaluate the accuracy of the global model by
comparing with three baseline algorithms on five datasets, and the results are shown in Fig. 6.

Figure 6: Accuracy of global model trained with different algorithms
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Table 3 gives the highest testing accuracy of all methods under Non-IID data setting, from which
we can see that FedChoice outperforms all other methods on five datasets. For FEMNIST and
EMNIST, the variance of the accuracy across FL methods is much smaller than other datasets, and
when compared with FedAvg, the accuracy of FedChoice can be improved by up to 1.7% and 2%,
respectively. As for CIFAR-10, MNIST, CINIC-10, FedChoice significantly exceeds other algorithms,
especially compared with FedAvg, the accuracy of FedChoice can be improved by up to 3.3%, 2.9%,
4.8%, respectively.

Table 3: Accuracy of global model trained with different algorithms (%) after 200 round

Algorithm FEMNIST CIFAR-10 MNIST EMNIST CINIC-10

FedChoice 80.6 86.4 96.1 88.4 80.5
FedAvg 78.9 83.1 93.2 86.4 75.7
FedNova 80.5 85.7 94.2 88.0 78.6
FedProx 80.0 86.1 95.7 88.2 79.3

5.4 Convergence Performance
To analyze the convergence of the global model, we set 80% as the convergence accuracy of

FEMNIST, EMNIST and CIFAR-10 datasets, 90% as the convergence accuracy of MNIST, and 75%
as the convergence accuracy of CINIC-10.

Tables 4∼8 give the convergence rounds and time cost of the four algorithms to reach the given
accuracy on the five datasets, respectively. Since FedChoice has almost no extra computation for
both the client and server, it achieves the best results on all five datasets among the four methods.
Specifically, for MNIST dataset, FedChoice requires 24.5% fewer communication rounds and 18.7%
less convergence time in comparison with FedAvg. The experiment results show that, the client with a
high loss value has a higher training value, because a high loss value means that the weak generalization
ability of global models on these clients, and the data stored on these clients is beneficial to enhance the
generalization ability of the global model. Compared with the random selection strategy, the strategy
based on loss can train a global model with better generalization ability.

Table 4: Statistics of convergence rounds and time (seconds) on FEMNIST dataset

Algorithm Accuracy:50% Accuracy:60% Accuracy:70% Accuracy:80%

Epoch Time Epoch Time Epoch Time Epoch Time

FedChoice 58 928 67 1072 90 1440 174 2784
FedAvg 62 1088 76 1149 100 1503 191 2857
FedNova 59 962 71 1102 95 1470 182 2832
FedProx 60 972 73 1150 98 1520 185 2873
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Table 5: Statistics of convergence rounds and time (seconds) on CIFAR-10 dataset

Algorithm Accuracy:50% Accuracy:60% Accuracy:70% Accuracy:80%

Epoch Time Epoch Time Epoch Time Epoch Time

FedChoice 32 1040 45 1465 52 2018 108 3629
FedAvg 46 1388 60 1803 70 2648 131 4038
FedNova 35 1078 50 1534 74 2398 124 3802
FedProx 33 1062 47 1506 52 2044 112 3690

Table 6: Statistics of convergence rounds and time (seconds) on MNIST dataset

Algorithm Accuracy:60% Accuracy:70% Accuracy:80% Accuracy:90%

Epoch Time Epoch Time Epoch Time Epoch Time

FedChoice 25 300 38 456 62 744 77 912
FedAvg 46 506 53 583 88 968 102 1122
FedNova 48 576 56 672 69 828 110 1320
FedProx 27 302 42 527 65 762 80 922

Table 7: Statistics of convergence rounds and time (seconds) on EMNIST dataset

Algorithm Accuracy:50% Accuracy:60% Accuracy:70% Accuracy:80%

Epoch Time Epoch Time Epoch Time Epoch Time

FedChoice 29 522 45 810 68 1224 115 2070
FedAvg 37 629 50 850 75 1275 127 2159
FedNova 33 578 48 841 72 1264 118 2065
FedProx 32 550 48 826 69 1187 115 1978

Table 8: Statistics of convergence rounds and time (seconds) on CNIC-10 dataset

Algorithm Accuracy:50% Accuracy:60% Accuracy:70% Accuracy:75%

Epoch Time Epoch Time Epoch Time Epoch Time

FedChoice 38 1330 52 1820 71 2485 95 3325
FedAvg 48 1488 59 1829 91 2821 128 3842
FedNova 49 1617 61 2013 83 2739 124 4092
FedProx 45 1440 54 1728 71 2272 98 3136
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6 Conclusion

In this paper, we propose FedChoice, a client selection method based on loss function optimization
for federated learning to solve the inefficient convergence problem under Non-IID data. FedChoice
gives a higher selection probability to the client with a high loss value, which allows it more likely to
participate in training, thus speeding up the convergence of the global model. Besides, we introduce
the local offset control item to predict the local gradient direction and the global gradient direction,
and calculate a vector to correct the local gradient vector direction, to reduce the accumulated
deviation of local gradient caused by Non-IID data. The experiments have validated the effectiveness
of FedChoice and demonstrated that FedChoice has significant improvement in convergence and
accuracy, compared with FedAvg, FedProx and FedNova. In the future, we will introduce a more
effective probability extraction formula from the perspective of gradient update.

Management Implications: Our proposed FedChoice algorithm selects clients based on the impor-
tance of the client, which is calculated by loss. It can accelerate the process of minimizing the loss values
of all clients and allow the global model to converge in fewer communication rounds while maintaining
good accuracy. On the one hand, it is useful for managers and servers of federated learning. Longer
training times mean that federated learning is less stable and is more likely to be interrupted. The
FedChoice algorithm allows the server to reduce the duration of maintaining federated learning,
improving the stability of training and saving the server’s computing power. On the other hand, it
is also very beneficial for clients in federated learning, as it reduces the number of communication
rounds for clients, reduces the consumption of client resources, and can also mobilize the enthusiasm
of clients. Therefore, we recommend that managers decisively adopt the FedChoice algorithm when
they want to mobilize clients’ enthusiasm, save communication resources, and save computing power.
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